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Abstract

This paperinvestigateshe useof a languagende-
pendentmodelfor namedentity recognitionbased
on iterative learningin a co-trainingfashion,using
word-internaland contectual information as inde-
pendentevidencesources. Its bootstrappingpro-
cessbagins with only seedentitiesand seedcon-
texts extractedfrom the provided annotatectorpus.
F-measurexceeds/7 in Spanishand72in Dutch.

1. Intr oduction

Our aim hasbeento build a maximally language-
independentsystemfor named-entityrecognition
using minimal supervisionor knowledge of the
sourcelanguage. The core model utilized, ex-
tendedandevaluatedchereis basedn Cucerzarand
Yarovsky (1999).1t assumesghatonly anentity ex-
emplarlist is provided asa bootstrappingeedset.
For the particulartaskof CoNLL-2002,the seed
entitiesare extractedfrom the provided annotated
corpus. As a consequencedhe seedexamplesmay
be ambiguousand the systemmust thereforehan-
dle seedswith probability distribution over entity
classesrather than unambiguousseeds. Another
consequencss thatthis approactof extractingonly
theentity seedgrom theannotatedext doesnotuse
thefull potentialof thetrainingdata,ignoring con-
textual information. For example,Bosniaappears
labeled9 timesas LOC and 5 timesas ORG and
the only informationthat would be usedis thatthe
word Bosniadenotesa location 64% of the time,
and an organization36% of the time, but not in
which contets is labeledoneway or the other In
orderto correctthis problem,an improved system
alsousescontet seedsf available(for this particu-
lar task,they areextractedfrom the annotatedccor
pus). Becausehe representationsf entity candi-
datesand contets are identical, this modification
imposesnly minor changesn algorithmandcode.
Becauseghecoremodelhasbeenpresentedh de-
tail in Cucerzanand Yarownsky (1999), this paper

focusesprimarily on the modificationsof the algo-

rithm andits adaptatiorto the currenttask. Thema-

jor modificationsbesideghe seedhandlinginclude
a different method of smoothingthe distributions

alongthe pathsin the tries, a new 'soft’ discourse
sgmentationmethod,and useof a differentlabel-

ing methodologyasrequiredby thecurrenttaski.e.

no overlappingentities are allowed (for example,
the correctlabeling of colegio SanJuan Boscode

Mérida is consideredo be ORG(colggio SanJuan

Bosc9 de LOC(Mérida) ratherthan ORG(colegio

PERGanJuanBoscg deLOC(Mérida))).

2. Entity-Inter nal Information

Two typesof entity-internalevidenceareusedin a
unified frameavork. The first consistsof the pre-
fixesandsufiixes of candidateentities. For exam-
ple, in Spanishnamesendingin -ez(e.g. Alvarez
andGutiérre2 areoftensurnamesnamesendingin

-ia areoftenlocations(e.g. Austria, Australia, and
Italia). Likewise,commonbeginningsandendings
of multiword entities(e.g. Asociaciondela Prensa
deMadrid andAsociaciérpara el Desarollo Rural

Jerez-Siera Suoestewhicharebothorganizations)
aregoodindicatorsfor entity type.

3. Contextual Information

An entity’s left andright context providesanessen-
tially independenevidencesourcefor modelboot-
strapping.Thisinformationis alsoimportantfor en-
tities thatdo not have a previously seenword struc-
ture, are of foreign origin, or polysemous.Rather
than using word bigramsor trigrams, the system
handlesthe contet in the sameway it handlesthe
entities,allowing for variable-lengthcontets. The
adwantage®f this unifiedapproacharepresentedn
thenext paragraph.

4. A Unified Structur e for both Inter nal and

Contextual Inf ormation

Charactebasedtries provide an effective, efficient
and flexible data structurefor storing both con-
textual and morphological patternsand statistics.
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Figure 1: An exampleof entity candidateand context and
the way the informationis introducedin the four tries (arrows
indicatethedirectionlettersareconsidered)

They arevery compactrepresentationandsupport
a naturalhierarchicalsmoothingprocedurefor dis-
tributional classstatistics. In our implementation,
eachterminal or branchingnode containsa prob-
ability distribution which encodesthe conditional
probability of entity classegyiven the sistring cor
respondingto the path from the root to that node.
Eachsuchdistribution alsohastwo standaratlasses,
named‘questionable’{unassignegrobabilitymass
in termsof entity classesto be motivated below)
and“non-entity” (commonwords).

Two tries (denotedPT and ST) are usedfor in-
ternalrepresentatioof the entity candidatesn pre-
fix, respectrely sufiix form, respecirely. Othertwo
tries are usedfor left (LCT) andright (RCT) con-
text. Right contets areintroducedin RCT by con-
sideringtheir componentettersfrom left to right,
left contexts are introducedin LCT using the re-
versedorderof letters,from right to left (Figurel1).
In this way, the systemhandlesvariablelengthcon-
texts andit attemptsto matchin eachinstancethe
longestknown context (aslongercontexts aremore
reliablethanshortcontets, andalsothelongercon-
text statisticsincorporatethe shortercontet statis-
tics throughsmoothingalongthe pathsin thetries).

The tries are linked togetherinto two bipartite
structuresPT with LCT, and ST with RCT, by at-
tachingto eachnodealist of links to theentity can-
didatesor contexts with, respectrely in which the
sistringcorrespondingo thatnodehasbeenseenn
thetext (Figure2).

5. UnassignedProbability Mass

When facedwith a highly skewed obsered class
distribution for which thereis little confidencedue
to smallsamplesize,atypical responses to back-
off or smoothto the moregeneraklassdistribution.

Unfortunately this representatiorakes problem-
atic the distinction betweena back-of conditional
distribution and one basedon a large sample(and
henceestimatedwith confidence).We addresshis

problemby explicitly representinghe uncertainty
asa class,called "questionable".Probability mass
continuesto be distributed amongthe primary en-
tity classesproportionalto the obsered distribu-

tion in the data, but with a total sum that reflects
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Figure2: An exampleof links betweerthe Suffix Trie andthe
Right Contet Trie for theentity candidateAustria andsomeof
its right contets as obseredin the corpus (< , Holanda >,
< , hizo>, < aChirac>)

the confidencein the distribution and is equalto
1- Pnode(queSt)'
Incrementalearningessentialibecomeshepro-
cessof gradually shifting probability massfrom
gquestionableo oneof the primaryclasses.

6. Smoothing

The probability of an entity candidateor context as
beingor indicatinga certaintype of entity is com-
putedalong the path from the root to the nodein
the trie structuredescribedabove. In this way, ef-
fective smoothingcan be realizedfor rare entities
or contexts. A smoothingformulatakingadwantage
of thedistributional representatioof uncertaintyis
presentedbelow.

For a sistringlyls...l,, (i.e. the pathin thetrie is
root—Iy —ls—...—1,;) thegenerabmoothingmodel
for theconditionalclassprobabilitiesis givenby the
recursve formula:

ﬁ(C]|lllzlz) = % (Pnode(cj“llZ---li) + )
BPaode(quest|sls...li)* P(cjliala...di 1)
where Z is a normalization factor and 8 €
[0,1], @ > 1 aremodelparameters.

7. One Senseper Discourse

Clearly in mary cases,the context for only one
instanceof an entity and the word-internalinfor-
mation is not enoughto make a classificationde-
cision. But, asnotedby Katz (1996),a newly in-
troducedentity will be repeated;if notfor break-
ing the monotonouseffect of pronounuse,thenfor
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Figure3: Usingcontetual cluesfrom all instancesf anen-
tity candidaten the corpus.Eachinstancds depictedasadisc
with thediameterrepresentinghe confidenceof the classifica-
tion of thatinstanceusing word-internalandlocal contextual
information.

emphasiendclarity”. We usethis propertyin con-
junctionwith the onesenseper discousetendeng
notedby Galeetal. (1992). The later paradigmis
not directly usablewhen analyzinga large corpus
in whichthereareno documenboundarieslike the
one provided for Spanish. Therefore,a sggmenta-
tion processneedsto be employed, so that all the
instance®f anamein asggmenthave ahigh proba-
bility of belongingto the sameclass.Our approach
is to considera’soft’ segmentationwhichis word-
dependentand does not computetopic/document
boundariesut regionsfor which the contetual in-
formation for all instancesf a word can be used
jointly when making a decision. This is viewed
as an alternatve to the classicaltopic sgmenta-
tion approachandcanbeusedin conjunctionwith a
language-indeperdt segmentatiorsystem(Figure
3) liketheonepresentedby Richmondetal. (1997).
After estimatingthe class probability distribu-
tionsfor all instance®f entity candidateé thecor
pus,are-estimatiorstepis emplo/ed. Theprobabil-
ity of anentity classe; givenanentity candidatew
atpositionpos; is re-computedisingtheformula:

P,(Cj‘w,pOSi) = % EZ:l P(lew,pOSk)' (2)
sim(pos;, pos,) - con f(w, pos,)

where posi, ..., pos, are the positions of all in-

stancesof w in the corpus, sim is the positional
similarity, encodingthe physicaldistanceandtopic

(if topic or documentoundaryinformationexists),

confistheclassificatiorconfidencef eachinstance
(inverseproportionalto the the ﬁ(quest|w,posk),

Z is anormalizationfactor

8. Entity Identification / Multiple-W ord Entities

There are two major alternatves for handling
multiple-word entities. A first approachis to tok-
enizethe text and classify eachindividual word as
beingor notpartof anentity, procesgollowedby an
entity assemblancalgorithm. A secondalternatve

is_|_candidate

Figure4: Thestructureof anentity candidateepresenteds
anautomatorwith two final states

is to considera chunkingalgorithm that identifies
entity candidatesindclassifyeachof the chunksas
Person,Location, Organization,Miscellaneouspr

Non-entity We usethis secondalternatve, but in a

‘soft’ form; i.e. eachword canbeincludedin multi-

ple competingchunks(entity candidates)This ap-
proachis suitablefor all languagesncluding Chi-

nese,where no word separatorsre used(the en-
tity candidatesredeterminedy specifyingstarting
andendingcharactepositions).Anotheradwantage
of this methodis that singleandmultiple-word en-
tities canbe handledn the sameway.

The boundariesof entity candidatesare deter
minedby afew simplerulesincorporatednto three
discriminators:is_B_candidatdestsif a word can
representhe beginning of anentity, is_|_candidate
testsif a word can be the end of an entity, and
is_E_candidatdestsif a word can be an internal
part of an entity Thesediscriminatorsusesimple
heuristicsbasedon capitalization,positionin sen-
tence, length of the word, usageof the word in
the setof seedentities,and co-occurrencavith un-
capitalizedinstanceof the sameword. A stringis
consideredan entity candidatef it hasthe structure
shavn in Figure4.

An extensionof the systemalso makes use of
Part-of-Speech(POS) tags. We used the pro-
vided POSannotationin Dutch (Daelemanst al.,
1996)andaminimally supervisedagger(Yaravsky
and Cucerzan,2002) for Spanishto restrict the
spaceof wordsacceptedy the discriminatorge.g.
is_B_candidaterejects prepositions,conjunctions,
pronouns,adwerbs, and thosedeterminerghat are
thefirst word in the sentence).

9. Algorithm Structure

Thecorealgorithmcanbedividedinto eightstages,
which aresummarizedn Figure5. The bootstrap-
ping stage(5) usesthe initial or currententity as-
signmentgo estimatehe classconditionaldistribu-
tions for both entitiesand contets along their trie
paths,andthenre-estimateshe distributions of the
contets/entity-canitlates to which they arelinked,
recursvely, until all accessiblenodesare reached,
aspresentedn CucerzarandYarovsky (1999).



[ 1 ][ Extracttheentity (andcontet) seedsetsfrom theannotatediata] SpanisH without POSinformation|| with POSinformation
[2] Readthetext to beannotatedaindextractall entity-candidates| | Dev-set| Precision] Recall| F-meas || Precision| Recall| F-meas
[ 3] ExtractthesetsLC andRC of all contexts of entity candidates | LOC 69.11 | 80.41| 74.33 || 69.77 |80.61| 74.80
41 Build thetriesusingall individual wordsandentity candidates, MISC | 66.89 |44.49| 53.44 || 68.38 | 44.72| 54.08
andall instance®f the elementd. C andRC from thetext ORG | 73.26 | 71.71| 72.47 || 76.49 | 74.82| 75.65

[5] Apply the bootstrappingroceduraisingitheseeddata | PER | 85.39 | 83.22| 84.29 || 86.07 |83.96] 85.00
(6] Classifyeachentity-candidatén isolation | [Overall] 75.08 [ 74.13] 74.60 || 78.82 [ 75.62] 76.22]
L7l Re-classifyeachentity-candidatéy usingformula(2) | [SpanisH without POSinformation|| with POSinformation
[8] Resole conflictshetweercompetingentity candidates | Test | Precision] Recall] F-meas.| Precision| Recall| F-meas
Figures: Algorithmstructure LOC 78.62 | 73.62| 76.04 79.66 | 73.34| 76.37

MISC | 63.73 | 38.24| 47.79 || 64.22 | 38.53| 48.16

10. Results ORG | 74.86 | 78.50| 76.64 || 76.79 |81.07| 78.87
We comparethe resultsof two variantsof the de PER | 80.63 | 87.21| 83.79 || 82.57 | 88.30| 85.34
comp uitsot two varl [Overall| 76.62 | 74.96] 75.78 || 78.10 | 76.14] 77.15]

scribedmodelon the developmentandtestsetspro- : : : : : :

vided (Table 1). The first one usesonly exemplar Dutch WlthpgtPOSlnformatlon Wlth‘POSmformatlon
entity andcontext seedsextractedfrom the training Dev-set| Precision| Recall| F-meas | Precision] Recall] F-meas
. . LOC 73.30 | 70.38| 71.81 || 76.87 |73.32| 75.05

corpus. The secondalsoemplays POSInformation  —is=—1—62.08 [57.64] 60.69 || 68.16 |63.14] 6555
to rule outunlikely entity candidates. ORG | 67.34 |53.76| 59.79 || 70.63 |55.96 62.45
The systemwas built and testedinitially utiliz- PER | 63.17 | 79.94| 70.57 || 64.99 |80.51| 71.92
ing only the provided Spanishdata. The parame- [Overall] 66.10 [65.01] 65.55 || 69.14 [67.84] 68.49]
terswereestimatedisingan80/20split of thetrain- Dutch [without POSinformation]| with POSinformation
ing data(esp.tain andned.tain). Thedev-testdata Test | Precision] Recall] F-meas/| Precision] Recall| F-meas
(testd were not usedduring the parameteestima- LOC | 73.65 [77.56] 7555 | 77.72 [80.54] 79.11
tion phase Theprogramswvererunonceonthefinal MISC | 70.10 | 57.29] 63.05 || 74.67 | 62.34) 67.95
testdata(filestestt). We allocatedonly oneperson- | ORG | 69.78 |62.14] 65.74 | 72.12 | 64.88] 68.31
PER | 67.62 | 79.26| 72.98 || 69.39 |80.71| 74.62

dayto adaptthe systemfor Dutch andtunethe pa-
rameterdo thislanguagen orderto shav functional
languageindependence.We opted not to make a
detailedstudyof parametewariationon testdatato
avoid ary potentialfor tuning to this resourceand
presere its valuefor future systemdevelopment.
The following table further detailsthe types of
errorsmadeby the algorithm(full systemon Span-
ish dev-set). E; representghe numberof over
generatecAnd undergeneratecentitiesin the pre-
cision and recall rows (respectrely). E, repre-
sentghenumberof entitieswith correctlyidentified
boundariesbut wrongclassifications.

[Ei+F; | PER | LOC | ORG [ MISC |
Precision| 43+ 153 | 73+118| 87+341 | 76+170
Recall 43+123 | 34+310| 112+279| 22+70

Becauseour systemtakes seedlists ratherthan
annotatedext asinput, additional entity lists can
be usedby the system. By emplo/ing suchlists
of countries,major cities, frequentpersonnames
andmajorcompaniegextractedfrom theweb), sig-
nificantimprovementsanbeobtained(preliminary
testsshav asmuchas?2.5 F-measuremprovement
on a 80/20split of thetrainingdatain Dutch).

11. Conclusion

This paper has presentedand evaluated an ex-
tendedbootstrappingnodelbasedn Cucerzarand
Yarowvsky (1999)that usesa unified framewnork of
both entity internaland contetual evidence. Start-

[Overall| 69.95 | 68.49] 69.21 ||

Tablel: Resultson the developmentsets(files esp.testaand
ned.testaandonthetestsets(files esp.testtandned.testh

73.03 | 71.62] 72.31]

ing only with entity and contet seedsextracted
from trainingdataandtheadditionof part-of-speech
information,systenperformancexceeds/7and72
F-measurdor SpanishandDutchrespecitiely.
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